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Structure determination of macromolecular protein
assemblies remains a challenge for well-established
methods. Here, we provide an assessment of an
emerging structural technique, ion mobility-mass
spectrometry (IM-MS), and examine the use of colli-
sion cross-sections (CCSs), derived from IM-MS, as
restraints for structure characterization of hetero-
meric protein assemblies. Using 15 complexes
selected from the Protein Data Bank, we validate
the use of low-resolution models by comparing their
CCSs with those calculated for all-atom structures.
We then select six heteromeric complexes, disrupt-
ing them in solution to form subcomplexes. Experi-
mental and calculated CCSs reveal close similarity
for 18 of the 21 (sub)complexes. Exploring the use
of CCS as a restraint, we incorporate it into a scoring
function and show good correlation between the
score and similarity to the native structure for hetero-
mers, especially when an additional symmetry
restraint was introduced.
INTRODUCTION
A wide array of biophysical and biochemical methodologies are
available to carry out structural characterization of macromolec-
ular protein assemblies. While X-ray crystallography and nuclear
magnetic resonance spectroscopy (NMR) can provide atomic-
level information (McDermott, 2009; Miao et al., 2008), both
techniques have limitations associated with the size, dynamics,
and complexity of the complexes in question (Robinson et al.,
2007). To bridge this gap, low-resolution techniques, such as
electron microscopy (EM) (Zhou, 2008) and small angle X-ray
scattering (Mertens and Svergun, 2010), can provide useful
information regarding the topology of otherwise intractable
molecules.
Emerging techniques, such as mass spectrometry (MS), are
beginning to play an important role in structural biology (Heck,
2008; van Duijn, 2010). The advantages of MS include its suit-
ability to probe the structure and dynamics of heterogeneous,
low-abundance protein assemblies. One of the limitations is
the fact that data are typically low-resolution, compositional
information. Typical MS data include the stoichiometry of intact1596 Structure 20, 1596–1609, September 5, 2012 ª2012 Elsevier Ltcomplexes and subcomplexes, their subunit connectivity, and
their assembly dynamics (Herna´ndez and Robinson, 2007;
Stengel et al., 2010).
Coupling ion mobility (IM) to MS (IM-MS) provides additional
topological information in the form of an orientationally averaged
collision cross-section (CCS) (Scarff et al., 2008; Wang et al.,
2010). Ions with the same mass-to-charge ratio (m/z), but
different topologies can be distinguished by their mobilities
throughagas-filled drift tube that has aweakelectric field applied
along the axis of transmission. Ionswith larger CCSswill undergo
more collisions with the gas molecules and experience longer
drift times than more compact ions of the same m/z (Bohrer
et al., 2008; Wyttenbach and Bowers, 2007). IM-MS, in conjunc-
tion with coarse-grained modeling approaches, has enabled
distinction between topologies for two subcomplexes in the
eukaryotic initiation factor 3 (Pukala et al., 2009), fitting of
substructures of RNA polymerase III into EM density maps
(Lane et al., 2011), and modeling of the single-stranded binding
protein of the Escherichia coli replisome (Politis et al., 2010).
Recently, the architecture of polydisperse aB-crystallin was
interrogated using IM-MS to filter candidate structures, which
were built using restraints from NMR, MS, and symmetry
(Baldwin et al., 2011).
Here, we explore the advantages and limitations of using IM-
MS for building three-dimensional (3D) models of heteromeric
protein complexes from information derived from the CCSs of
intact complexes and subcomplexes. These subcomplexes are
obtained from solution-phase experiments designed to perturb
protein interfaces using chaotropic agents or manipulation of
ionic strength. Information on the overall topology of a protein
complex can be obtained from the CCS of the intact complex.
Stable subcomplexes, however, can be used to reveal the
building blocks of the complex. These building blocks can then
be assembled into a model of the intact complex, guided by
CCS restraints.
Before studying the use of the CCS restraint, we established
a means of accurately representing 3D structures of macromo-
lecular assemblies. We carried out a systematic study of fifteen
complexes, selected from the Protein Data Bank (PDB), with
different levels of complexity and heterogeneity. This study vali-
dated the use of low-resolution models to represent atomic
structures for comparison with IM data. This data set also
enabled us to derive volume restraints and spherical overlap
boundaries. These spatial restraints were integrated into our
modeling approach, together with the experimental CCS
restraint from ion mobility.d All rights reserved
Structure
Modeling Heteromeric Complexes from IM-MSThe use of CCSs of subcomplexes as restraints relies on the
assumption that subcomplexes generated in solution resemble
the native structures of the intact assembly and have not under-
gone extensive rearrangement. To investigate this, we generated
subcomplexes in solution by perturbing subunit interactions
within six heteromeric complexes for which X-ray crystal struc-
tures are available. We demonstrate good agreement between
the experimental CCSs of the heteromeric complexes and their
subcomplexes with theoretical CCSs from all-atom calculations,
validating their use for building low-resolution models of protein
assemblies.
CCSs and volume restraints were incorporated into a scoring
function, which was used to evaluate a large number of models
for the homotetramer, influenza B virus neuraminidase. The
predictive strength of each component in the scoring function
was critically evaluated, enabling us to assess the feasibility
of using IM-MS data sets for structure determination. Finally,
to illustrate our method, coarse-grained models were built
and scored using volume and experimentally determined
restraints (CCSs) for tryptophan synthase and nitrobenzene
dioxygenase (NBDO) and their subcomplexes. A single solution
could not be found as there was structural variability in the
best scoring models. By incorporating symmetry restraints, we
found that this variability was significantly reduced, with the




To apply the information generated from IM-MS of protein
assemblies and their subcomplexes to structure characteriza-
tion of protein assemblies, we used a coarse-grained modeling
approach. Proteins are represented as single spheres and sub-
complexes as a set of overlapping spheres with radii derived
from subunit CCS, or where unavailable, from subunit mass,
given the spherical density (Supplemental Information available
online). Models for protein complexes are built in a stepwise
manner by combining subunits and subcomplexes, which
make up the assembly. Candidate models are generated by an
exhaustive search of conformational space, using a Monte Carlo
approach (>3 subunits) or a local planar search (%3 subunits).
Experimental data are translated into spatial restraints, which
are used to define a scoring function. This enables us to evaluate
the ensemble of structures that satisfy a given set of restraints.
By minimizing the scoring function, and through cluster analysis
of the best scoring models, we can make predictions about the
native structure (Figure 1).
Representation
A coarse-grained representation was chosen for modeling
protein assemblies as IM-MS experiments provide low-resolu-
tion structural information; these are the 3D orientation of
subunits within an assembly and/or the overall topology. This
modeling approach has the additional advantage that calcula-
tions are computationally inexpensive, which is particularly
important for the study of very large and complex systems. In
order to validate our approach for representing protein
complexes, low-resolution models were built from coordinates
in the PDB and used as a training set of complexes. FifteenStructure 20, 1596–16protein complexes, either homomeric or heteromeric, were
selected that span a wide range of masses, topologies, and
subunit numbers. These complexes were represented as a set
of overlapping spheres (Pukala et al., 2009).
To evaluate the accuracy of coarse-grained representations
(i.e., closeness of CCS to atomic structure), the CCSs of the
low-resolution models were computed and compared with the
CCSs calculated from the corresponding all-atom structures
(Ruotolo et al., 2008). Deviation between these values was
2.0 ± 1.1% (Figure S1), indicating that a set of overlapping
spheres offers a valid representation of the protein complex
structure.
Spatial Restraints
The translation of the available experimental data into restraints
is one of the most crucial aspects of the modeling process (Alber
et al., 2005). When building models from IM-MS with no atomic-
level information, the positions for the spheres representing
subunits are randomly generated and sample many different
relative orientations and conformations. The extent to which
the spheres overlap can be used as a filter to remove models
with spheres loosely attached or unattached. Similarly, those
models with spheres overlapping to an unrealistic extent, result-
ing in steric clashes, can also be discounted. From the models
generated using the crystallographic positions of atoms, the
average linear overlap of interacting spheres was 29 ± 10%
(Supplemental Experimental Procedures). This information,
with an additional tolerance, was applied as a filter, whereby
models with interacting spheres that overlap by <15%
and >45% were considered to be ‘‘unphysical’’ and were
excluded with no further analysis.
Alternative arrangements of spheres can take up different
volumes. In order to incorporate volume restraints into the
model-building process, we conducted an assessment of the
volume of the models for the 15 complexes discussed earlier.
This provided a measure of the packing densities of the spheres
representing proteins in the coarse-grained models. When
representing a protein or protein assembly as a single sphere,
the average spherical packing density was calculated as
0.69 ± 0.08 g/cm3. Low-resolution spherical representations
overestimate the volume, giving a lower density than in solution.
This behavior is attributed to the smooth nature of the sphere
surface used in the coarse graining, unlike the rough surface of
a protein complex surface. As anticipated, therefore, the surface
area-to-volume ratio rises with increasing model resolution
(Supplemental Information). Thus, at subunit-level resolution,
where each monomer is represented as a sphere, spherical
packing density increases to a mean of 0.91 ± 0.05 g/cm3.
These values can be used when building and scoring models.
For example, in a protein assembly where the CCS of amonomer
is not available, in cases where it is not formed readily in solution,
the radius of the sphere representing this monomer can be
defined using its mass, and the spherical packing density value
appropriate to the model, defined earlier. Similarly, the expected
volume of the assembly can be used as a restraint in order to
score candidate model structures through the implementation
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Figure 1. Overview of the Modeling Strategy
Information generated from IM-MS is converted into spatial restraints that are applied to a computational approach for generating and evaluating model
structures. Coarse-grainedmodel structures were first built for subunits and subcomplexes before being assembled into amodel for the intact complex. Different
relative orientations and positionswere sampled andmodels were scored based on violations of CCS (SCCS), volume (SV), and, where applicable, symmetry (Ssym)
restraints. The total score (ST) is given by the sum of individual restraints. Good scoring models are clustered in order to identify the best scoring model within the
largest cluster to take to the next step. The EM density map was simulated using the IMP (http://salilab.org/imp/).
See also Figure S1.
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Modeling Heteromeric Complexes from IM-MSwhere the volume score, SV, is the closeness of fit between the
expected and calculated volume, Vexp and Vcalc, respectively.
The parameter sexp regulates the strength of the restraint and
is determined by the uncertainty in the data. In this case, we
use 2 SDs from the mean (±10%). In this way, overlap between
spheres, spherical packing density, and volume of the assembly
are used to filter and restrain the candidate models.
The CCS Restraint
The CCS restraint is defined using the experimentally deter-
mined CCS, implemented as a harmonic penalty, where perfect
agreement between model and experimental CCS would take
a value of 0; violations of the restraint would result in higher







; (2)1598 Structure 20, 1596–1609, September 5, 2012 ª2012 Elsevier Ltwhere the CCS score, SCCS is given by the closeness of fit
between the experimental CCS and calculated values, CCSexp
and CCScalc respectively. sexp is the experimental error in the
data. In our IM experiments, using a linear drift tube, the
measured CCS accuracy is estimated to be <3% (Bush et al.,
2010). In order to ensure realistic errors, we use sexp of ±6%.
Critical Assessment
IM-MS of Subcomplexes
The use of the CCS of subcomplexes as a restraint in our
modeling approach requires that the solution conditions used
to perturb the intersubunit interactions do not affect their tertiary
structure. To investigate the effect of solution conditions on
CCS, we selected six heteromeric complexes, with varying
topologies and interface areas. X-ray crystal structures were
available for all six; IM-MS data were obtained for the same
protein constructs that were used to obtain the X-rayd All rights reserved
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Modeling Heteromeric Complexes from IM-MScrystallographic data. By using these constructs, we avoid the
need to estimate the contributions of unstructured regions (Po-
litis et al., 2010) present in wild-type protein complexes but
removed for crystallography. We generated subcomplexes of
these six heteromeric protein complexes by disruption in solu-
tion. In some cases, subcomplexes could be detected from the
same solution conditions as the intact complex. For others, sub-
complexes were formed by the addition of organic solvent, by
manipulating the pH, or by increasing the ionic strength. The
different methods depend on the stability of subunit-subunit
interactions and are summarized in Table S1.
The experimental CCS of all subcomplexes and parent
complexes were compared to CCS values calculated from their
atomic structures. Despite an overall good agreement for 18 of
the 21 complexes and subcomplexes, some anomalies were
found. For example, the measured CCS for intact methane
monooxygenase hydroxylase (MMOH; 6-mer, 251 kDa) complex
was greater than predicted (Figure 2A). The experimental CCS
was, however, within 10% deviation from the calculated CCS.
Despite differences in CCS for the intact hexameric complex,
the ab subcomplex and the a monomer showed 5.2% and
3.0% deviation, respectively, from the calculated CCS.
NBDO (6-mer, 218 kDa), composed of a dimer of two trimers
(a3b3), forms three subcomplexes in 25% butanol, two of which
contain the close-packed b3 trimer (Figure 2B). For the intact
complex in buffer, the experimental value deviated 2.2% from
the calculated CCS. Experimental CCSs for subcomplexes
a2b3 and b3 deviated 2.0% and 5.0%, respectively, from their
corresponding calculated values. The measured CCS of the
a monomer, released in solution, was 1.8% lower than that
calculated for the a chain when bound in the complex. These
results imply that, even in 25% butanol, the overall topology
and structure of the subcomplexes is not perturbed.
The NBDO complex is composed of two close-packed trimers
and, therefore, might be expected to form compact complexes
in organic solution through collapse. The situation for toluene/
o-xylene monooxygenase hydroxylase (ToMOH; 6-mer,
212 kDa) is more testing for our IM approach, since it is
composed of a dimer of trimers (abg)2 in a linear arrangement
(Figure 2C). Disassembly occurs in this case upon increase in
ionic strength (>1 M ammonium acetate) to form abg trimers,
followed by the loss of g subunit. Collapse of this linear arrange-
ment in the gas phase into a more compact form might be
anticipated and would result in a smaller CCS for ToMOH and
associated subcomplexes. However, this was not observed,
and excellent agreement was found between experimental and
theoretical measurements (1.5%–4.9% deviation from calcu-
lated CCS values).
Similarly we compared two tetramers: tryptophan synthase
(143 kDa), a symmetrical abba complex with a near-linear
conformation, and acetyl coA carboxylase carboxyltransferase,
a close-packed (135 kDa) complex formed from two ab dimers
(Figures 2D and 2E). Disruption in solution resulted in the forma-
tion of various subcomplexes, including an extended trimer as
well as dimers andmonomeric subunits. All these showed excel-
lent agreement between experimental and calculated values,
with <5.2% deviation for seven of the eight species generated.
The only exception was the b monomer of the carboxyltransfer-
ase, which deviated by 8.6% from the calculated CCS, indicatingStructure 20, 1596–16some collapse, perhaps of the unstructured loop region
observed in the X-ray structure of this subunit.
It is interesting that the largest complex examined here, the
carbamoyl phosphate synthetase (8-mer, 640 kDa), with a rect-
angular planar topology of four a subunits each with an associ-
ated b subunit, indicated a smaller conformation in the gas phase
than the X-ray crystal structure (Figure 2F). A combination of
factors, including weak interfaces (Figure S2) and an extensive
internal cavity, may have led to some degree of structural rear-
rangement or collapse in the gas phase (Hall et al., 2012). The
CCSs of a2b2 and ab subcomplexes in which the central cavity
is no longer present, however, showed excellent agreement
with the calculated CCSs (deviation within 2.4%–5.6%).
Close agreement was noted for CCSs measured for different
charge states of each species (SD < 1%–3%) and for replicate
measurements (N = 3). Noteworthy is the observation that CCS
of complexes or subcomplexes measured in buffer and buffer/
organic solution conditions revealed no differences in experi-
mental values (Figure 3). For example, CCS measurements for
intact NBDO and subcomplexes were carried out in 250 mM
ammonium acetate and in buffer containing 25% butanol. CCS
measurements in the different solutions for the intact complex,
the b3 subcomplex, and the unbound a monomer differed
by <1% (well within experimental error). This was also the case
for other complexes (Figure 3). Titration of tryptophan synthase
with destabilizing agent (Figure S3) revealed a preference for
complex and subcomplex dissociation over the unfolding of
subunits. Therefore, these experiments are important since
they demonstrate that, in all cases, the CCS of subcomplexes
is retained under the different solution conditions used for their
generation.
Overall, 18 out of 21 (86%) subcomplexes and complexes had
CCSs that differed by <6% from their predicted CCS. However,
in aminority of cases, gas-phase structural rearrangements such
as the possible collapse of cavity-containing complexes (carba-
moyl phosphate synthetase) highlight the limitations of this tech-
nique, particularly for large assemblies as noted previously
(Hogan et al., 2011). Here, IM-MS data could be misleading,
and, for large complexes, combining with data from other
experimental techniques such as EM or SAXS will be of critical
importance. In all cases, however, subunit connectivities and
topological arrangements of the subcomplexes were conserved
under different solution conditions, highlighting their potential as
restraints for building and evaluating coarse-grained models of
protein assemblies.
Evaluating and Scoring Models: How Powerful
Is the CCS Restraint?
For accurate structural modeling of protein assemblies, it is
important to capture and evaluate all the available information
for the complexes (Alber et al., 2008). This can be achieved by
introducing a scoring function capable of evaluating quantita-
tively the consistency of themodels generated with experimental
data and other restraints. We carried out a detailed analysis of
the information content of our restraints, individually and
combined, on influenza B virus neuraminidase (PDB ID 1VCJ).
This is a homotetramer (174 kDa), with a simple square-like
topology. Using a Monte Carlo sampling algorithm, we gener-
ated 100,000 model structures, with each sphere radius derived
from the calculated monomeric CCS. Following a filtering step,09, September 5, 2012 ª2012 Elsevier Ltd All rights reserved 1599
Figure 2. Ion Mobility Arrival Time Distributions, Shown on a CCS Axis, for Six Heteromeric Complexes and Their Subcomplexes
(A–F) Different charge states observed have been overlaid. The solid line and associated shaded region represents the calculated CCS ± 6%.
(A) MMOH (200 mM ammonium acetate; AA) and subcomplexes (200 mM AA, 37% ACN).
(B) NBDO (250 mM AA) and subcomplexes (250 mM AA, 25% butanol).
(C) ToMOH (200 mM AA) and subcomplexes (4 M AA).
(D) Tryptophan synthase (200 mM AA) and subcomplexes (200 mM AA, 30% MeOH, 10% DMSO).
(E) Acetyl coA carboxylase carboxyltransferase (250 mM AA) and subcomplexes (250 mM AA, 30% MeOH, 0.01% acetic acid).
(F) Carbamoyl phosphate synthetase and subcomplexes (150 mM AA, 1 mM ornithine, 23 mM AMP-PNP, 34 mM Mn2+). X-ray crystal structures for the
intact complexes are shown alongside. The complexes from (A) to (F) are in order of decreasing relative interface strength.
See also Figure S2. Further information can be found in Table S1.
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Figure 3. Comparison of CCS Measure-
ments of Subcomplexes in Buffer and
Organic-Containing Solutions
CCS measurements were either taken in buffer-
only solution conditions (blue) or under conditions
suitable to perturb subunit-subunit interactions
(red). Disruption in solution required the addition of
organic solvent to the protein complex in ammo-
nium acetate (AA) buffer. Experimental CCS is the
average of all charge states. Error bars, experi-
mental error, which was estimated to be ± 3%. The
species measured and the various subunits/ sub-
complexes are shown in the graph.
See also Figure S3.
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Modeling Heteromeric Complexes from IM-MSto remove any models with overlap <15% or >45%, 39 796
models remained, which were subsequently scored based on
CCS and volume restraints.
The total score, ST was calculated by summing the scores
resulting from the individual restraints (Equation 3).
ST =SV +SCCS (3)
We first evaluated the scoring function, by identifying the rela-
tionship between the score distribution of the models and their
similarity to the native structure, as determined by the ultrafast
shape recognition (USR) algorithm (Ballester and Richards,
2007). USR is a fast and accurate method to describe and
compare molecular shapes. The USR score compares two
models and ranges from 0 (nonrelated) to 1 (identical). Based
on our tests (Supplemental Experimental Procedures), we
defined models with USR scores > 0.95 as ‘‘native-like.’’ We
found a good correlation between the value of our scoring func-
tion, ST and (1  USR score) (Figure 4A), whereby native-like
models had low ST.
The 1% lowest scoring (ST) models were clustered according
to their pairwise USR scores (Figure 4B), using a hierarchical tree
approach (Supplemental Experimental Procedures). It is impor-
tant to note that no knowledge of the native structure is required
for clustering, as models are compared with each other. Three
clusters were identified, corresponding to distinct configura-
tions. The largest cluster (69.8%) reflected square-like arrange-
ment of subunits; the second largest (26.7%), a rhomboidal
arrangement; and the smallest cluster (3.5%), a tetrahedral
arrangement. Each cluster is represented by the model withStructure 20, 1596–1609, September 5, 2012 ªthe lowest ST within the cluster. The
root-mean-square deviation (RMSD) of
subunit centers of mass from the native
structure was calculated and found to
be 4.8 A˚, 6.6 A˚, and 22.3 A˚ for the lowest
scored (ST) model in the first, second, and
third largest clusters, respectively. This
suggests that the native-like structure
can be identified as the most frequently
occurring predicted model. An additional
advantage of clustering analysis is that it
provides an indication of the variability in
the ensemble of best scoring models.
Where a large number of clusters arepresent, or when no predominant cluster arises, this is an indica-
tion that the data are not sufficient to predict the native structure
or that there are multiple native states. This is not the case here,
where close to 70% of the structures were within one cluster.
Sensitivity and Specificity
Evaluation of the individual contribution of each restraint to the
scoring function was carried out by performing tests on the
sensitivity and specificity (Figure 4C). In this context, sensitivity
may be thought of as the ability of restraints to identify native-
like models, while specificity refers to their ability to identify
poor models. The 10% and 1% lowest scoring models for influ-
enza B virus neuraminidase were evaluated. Generally, low
sensitivities (<60%) were observed for the volume, CCS, and
combined CCS/volume restraints. On the other hand, all
restraints showed very high specificity (>90%), both individually
and combined. Although the scoring function does not capture
all good models (low sensitivity), far more critical to the success
of our method is a low false-positive rate (high specificity). These
restraints have proven efficient at excluding poor models, with
specificity > 99.0% in the 1% lowest scoring models.
The ability of the restraints to predict the native structure
can be further assessed using receiver operating characteristics
(ROCs) (Theodoridis and Koutroumbas, 1999; Alber et al., 2005).
Here, the sensitivity is plotted against the false-positive rate
(1 – specificity) at different scoring cutoff values. The area under
the curve gives a measure of the information content of each
restraint. An area of 0.5 indicates that the restraint cannot
discriminate between correct and incorrect topologies. The
closer the integrated area is to 1, the more likely the method
is able to predict the native structure. From analysis of the2012 Elsevier Ltd All rights reserved 1601
Figure 4. Evaluating the Scoring Function: Application to a Homotetramer
(A and B) Models for the influenza B virus neuraminidase were evaluated and scored based on violations of the CCS and volume restraints. (A) The structural
similarity of themodels to the native structurewas evaluated using the USR algorithm and (1USR score) was plotted against total score, ST. The native structure
(1  USR score = 0) is indicated by a red star. (B) The 1% lowest scoring models were subjected to a hierarchical cluster analysis, which revealed three distinct
clusters. Clusters are represented by the model with the lowest ST; centroid RMSD to the native structure is shown.
(C) The coarse-grained model built from atomic coordinates is overlaid on the crystal structure and compared with the model with the lowest ST overall and the
model representing the largest cluster. Specificity, TN/(TN+FP), and sensitivity, TP/(TP+FN), were calculated for the 10% and 1% lowest scoring models,
where TN = true-negative, TP = true-positive, FP = false-positive, and FN = false-negative. A ‘‘positive’’ or ‘‘native-like’’ model is defined as a model with a USR
score > 0.95 relative to the native structure.
(D and E) ROC analysis (D) and analysis of positive and negative predictive values (E) for the individual and combined restraints. Positive and negative predictive
values are given by TP/(TP+FP) and TN/(TN+FN), respectively.
Structure
Modeling Heteromeric Complexes from IM-MSROC curves, volume performs very poorly as a restraint
(area under curve = 0.48) in contrast to the value of 0.92 for
CCS (Figure 4D). Combining the volume and CCS restraints1602 Structure 20, 1596–1609, September 5, 2012 ª2012 Elsevier Ltdoes not appear to offer any advantage (area under
curve = 0.92), further confirming that volume is a poor restraint
compared to CCS.d All rights reserved
Figure 5. Solution Disassembly of Tryptophan Synthase and NBDO
(A) MS spectrum and drift time versusm/z contour plot for tryptophan synthase in 30% methanol, 10% DMSO. The intact complex (green), the ab2 subcomplex
(orange), the b2 subcomplex (blue), and the a subunit (pink) are shown.
(B) MS spectrum and drift time versus m/z contour plot for NBDO in 25% butanol. Charge state series were identified as corresponding to the intact complex
(purple), the a2b3 subcomplex (green), the b3 subcomplex (blue) and the a subunit (red). MS spectra for the complex in native conditions (200–250 mM AA buffer)
are shown in the insets.
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Modeling Heteromeric Complexes from IM-MSWhen evaluating model scores (Figure 4A), the confidence or
probability that a low-scoring model is native-like is described
by the positive predictive value. Conversely, the probability
that a high-scoring model is not similar to the native structure
is given by the negative predictive value. Positive and negative
predictive values were plotted for the volume, CCS, and
combined volume/CCS restraints (Figure 4E). All restraints
show very high negative predictive value (>90%), consistent
with the high specificity described earlier. In contrast, the posi-
tive predictive value for the restraints is lower, although this
increases significantly as we narrow our search for good scoring
models from the best scored 10% to 1%. It is interesting that,
although the volume restraint offers no positive predictive value
on its own, when combined with the CCS restraint, higher posi-
tive predictive values are obtained than for CCS alone. This is
particularly noticeable for the 1% lowest scoring models, where
the positive predictive value increases from 50% (CCS restraint)
to 64% (CCS and volume restraints). From this, we can conclude
that the addition of volume restraints to the CCS restraint does,
in fact, offer an advantage.
Application to Heteromeric Complexes
Having demonstrated that it is possible to determine the
topology of a simple model homomeric assembly using CCS
restraints, and explored the limitations of the technique, we
turned our attention to modeling heteromeric assemblies, using
experimental data. We selected two complexes to evaluate our
modeling approach: tryptophan synthase, an abba complexStructure 20, 1596–16assembled in an extended linear conformation, and NBDO con-
sisting of stacked a3 and b3 rings assembled into a compact a3b3
heterohexamer. These two distinct topological arrangements
and the availability of high resolution X-ray data make these
two complexes excellent candidates to evaluate the power, as
well as the pitfalls, of our approach. IM-MS experiments were
carried out on these two complexes as described above, in
aqueous buffer and in destabilizing solution conditions. CCS
was measured for the intact complexes and their associated
subcomplexes and subunits (Figure 5).
Tryptophan Synthase
The radius of the a subunit sphere was derived from the experi-
mental CCS. No CCS information was available for b monomer,
however. Therefore, the radius of the sphere representing the
b subunit was defined using the average spherical packing
density (0.69 ± 0.08 g/cm3 for a protein represented by a single
sphere). First, we generated models for the b2 subcomplex by
varying the overlap between b subunits within the upper and
lower bounds set by the overlap filter. The 35 resulting models
were scored based on violations of CCS and volume restraints.
The lowest scored model was chosen as the starting point to
dock the a subunit and, consequently, to build models for the
ab2 trimer subcomplex. By varying the overlap between spheres
representing a and b subunits, while simultaneously rotating the
outer two subunits about the central subunit, from a linear
arrangement (180) to a compact trigonal arrangement (60),
252 models were generated. The model ensemble was then
scored based on CCS and volume restraints. Due to the low09, September 5, 2012 ª2012 Elsevier Ltd All rights reserved 1603
Figure 6. Structure Characterization of Tryptophan Synthase 4-mer
(A–D) The 1% lowest scoring models were clustered on their pairwise USR scores. (A) Three clusters were identified for the models scored based on CCS and
volume restraints. (B) The addition of a symmetry restraint reduced variability in the ensemble of best scoring models. Clusters are represented by themodel with
the lowest ST within the cluster; centroid RMSD to the native structure is indicated. (C) ROC analysis shows that, by incorporating additional restraints, the
predictive power of the modeling approach is increased. The areas under the ROC curves are shown in the inset. This is also illustrated in (D), where both positive
and negative predictive values increase when more restraints are combined (data for 1% lowest scoring models is shown).
(E) Restraint sensitivity and specificity for the 10% and 1% lowest scoring models.
(F) The best model for tryptophan synthase (all restraints) and subcomplexes (CCS and volume restraints), is shown and superimposed on the X-ray crystal
structure with corresponding centroid RMSD given below.
See also Figure S4 and Table S2.
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Modeling Heteromeric Complexes from IM-MSnumber of models generated in planar searches, no clustering of
best scoring structures was necessary and the model with the
lowest overall score was taken to the next step to form the
a2b2 subcomplex by the addition of a further a subunit.
In order to sample conformational space for the tetramer,
a Monte Carlo approach was used. The relative position of the
ab2 trimer subunits was fixed, while the second a subunit
coordinates were randomly generated to cover all possible
connectivities and orientations. After filtering 100,000 models
for overlap, a total of 32,095 models for the a2b2 tetramer re-
mained. Models were scored based on violations of the CCS
and volume restraints. Clustering of the 1% lowest scoring1604 Structure 20, 1596–1609, September 5, 2012 ª2012 Elsevier Ltmodels revealed three distinct clusters, each of a similar size
and with distinct subunit connectivity (Figure 6A). Poor RMSD
from the native structure (35.4 A˚) was obtained for themodel rep-
resenting the largest cluster. This demonstrates that, for this
complex, the experimental CCS data are insufficient to deter-
mine the structure. Further information is required, particularly
with respect to the connectivity of subunits.
It is interesting to assess the effects of knowledge of symmetry
on our modeling approach. Symmetry within protein complexes
is very common (Goodsell and Olson, 2000). From a recent
investigation (Levy et al., 2006) of 930 heteromeric protein
complexes ranging in size and number of subunits (3–26),d All rights reserved
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Modeling Heteromeric Complexes from IM-MS86.1% with multiple subunit copies showed symmetrical
connectivity. Furthermore, from 447 heterotetramers, 96.8%
with at least one subunit copy had symmetrical connectivity
(Table S2). This therefore encouraged us to incorporate
a symmetry restraint into our scoring function (Supplemental
Information).
Onemethod to obtain information on symmetry is through EM.
We therefore simulated EM density maps (20 A˚ resolution) for
tryptophan synthase, from which 2-fold rotational symmetry in
an extended conformation was clearly defined. However, the
EM maps cannot tell us about the order of subunits within the
electron density. For this, we turn to collision-induced dissocia-
tion (CID) experiments. During CID, the intact complex dissoci-
ated exclusively via the loss of a-monomer. No loss of a b subunit
was observed suggesting the peripheral nature of a subunits
(Supplemental Information). Combining information on the
symmetry with the connectivity from MS and CID experiments
suggests a symmetrical connectivity, with two peripheral
a subunits and a b2-dimer core.
Re-evaluation of the tryptophan synthase models using the
additional symmetry restraint revealed three clusters in the 1%
lowest scoring models (Figure 6B). The RMSDs relative to the
native structure were 8.9–12.4 A˚ for these three clusters. In
comparison to the results when only CCS and volume restraints
were used, there was less structural variability in the ensemble of
best scoring models. Moreover, the lowest scoring model in the
largest cluster showed high topological similarity to the native
structure.
NBDO
The radii of spheres representing a and b subunits were derived
from the experimental CCS and the average spherical packing
density, respectively. We started by building models for the b3
subcomplex. To do this, we simultaneously varied the spherical
overlap and the angle between subunits, leading to a total of 595
models that satisfied our initial restraints. These models were
then evaluated using a scoring function based on CCS and
volume restraints. The b3 model with the lowest score was taken
to the next step to form the a2b3 subcomplex by the addition of
two a subunits (Figure S4).
In order to sample conformational space for the pentamer,
a Monte Carlo approach was used keeping the relative position
of the three b subunits fixed. After filtering 100,000 models for
overlap violation, a total of 52,728 models for the a2b3 pentamer
remained. Models were scored based on violations of the CCS
and volume restraints. Clustering of the 1% lowest scoring
models (Figure S5) revealed two distinct clusters. The lowest
scored model in the largest cluster was used in the next step
to build the hexamer.
Following the same sampling method as for the pentamer, the
relative position of the three b subunits and two a subunits was
fixed, while coordinates for the third a subunit were randomly
generated. After filtering for overlap violation, 38,465 out of
100,000 models remained for the heterohexamer. Using the
CCS and volume restraints, we scored all models based on their
deviations from the experimental data. Clustering of the 1%
lowest scoring models revealed three clusters (Figure 7A). The
lowest scored model in the largest cluster (62.1%) showed
excellent similarity to the native structure (centroid RMSD =
8.5 A˚). It is interesting and in contrast to the aforementionedStructure 20, 1596–16tryptophan synthase example, that in this case of NBDO, the
CCS and volume restraints are sufficient to define the topological
structure.
Knowledge of symmetry was found to be highly informative for
refining the search for models for tryptophan synthase. We
therefore incorporated a symmetry restraint, based on symmet-
rical connectivity (Supplemental Information), into our scoring
function, re-evaluating the NBDO 6-mer models. This time,
only one cluster was observed in the 1% lowest scoring models
(Figure 7B). The lowest scored model in this cluster is closely
similar to that found using only CCS and volume restraints
(RMSD = 8.8 A˚ from native structure). However, the inclusion
of a symmetry restraint to the scoring function greatly reduces
the structural variability among the ensemble of best scoring
models, thereby increasing confidence when selecting models
for an assembly.
DISCUSSION
Integrative computational methods have been used previously
to develop structural models for the 26S proteasome (Fo¨rster
et al., 2010) and the nuclear pore complex (Alber et al., 2007).
In these examples, restraints based on diverse experimental
data were applied to define a scoring function. The possibility
of including data from IM-MS in such approaches is attractive.
While IM-MS provides low-resolution information, its predictive
power can be enhanced when combined with other structural
biology techniques such as, for example, EM, which reveals
the symmetry and overall shape of assemblies (Poliakov et al.,
2007). Incorporating a symmetry restraint into the scoring func-
tion was essential to determine the structure for tryptophan
synthase and greatly reduced structural variability in the best
scoring models for NBDO. The value of combining the symmetry
restraint with CCS can also be shown quantitatively through
analysis of ROC curves, whereby the area under the curve
increased when all restraints are imposed (Figures 6C and 7C).
For example, for tryptophan synthase, the area under the curve
increased from 0.82 for the volume/CCS restraint to 0.97 with
the addition of a symmetry restraint. Similarly, for NBDO
6-mer, within the 1% lowest scoring models, the positive predic-
tive value of the method increases from 58% for the CCS
restraint to 76% when the volume restraint is added, to
100% when all restraints are imposed (Figure 7D). Such results
demonstrate the significant increase in predictive power by inte-
grating different experimental information into a computational
approach.
It is necessary for scoring to take into account uncertainties in
the different techniques (Alber et al., 2008). The quality of exper-
imental data, for example, is crucial. While improved experi-
mental accuracy can improve the predictive power of IM, this
may be limited by the accuracy of theoretical CCS values, and
how these relate to the experimental values (Jurneczko and
Barran, 2011). Even with good quality data, it should also be
noted that structurally different models can have similar scores,
for example in NBDO SCCS is not affected by rotation of the
b3 trimer relative to a3. Although ourmethod does not necessarily
predict a unique best scoring model, it has proved effective in
filtering poor models, as shown by the high specificity and nega-
tive predictive value of the restraints.09, September 5, 2012 ª2012 Elsevier Ltd All rights reserved 1605
Figure 7. Structure Characterization of NBDO 6-mer
(A–D) The 1% lowest scoringmodels were hierarchically clustered on their pairwise USR scores. (A) Three clusters were identified for themodels scored based on
CCS and volume restraints. (B) The addition of a symmetry restraint reduced variability in the ensemble of best scoring models. Clusters are represented by the
model with the lowest ST within the cluster and centroid RMSD to the native structure indicated. (C) ROC analysis shows that by incorporating additional
restraints, the predictive power of the modeling approach is increased. The areas under the ROC curves are shown in the inset. (D) Both positive and negative
predictive values increase when more restraints are combined (data for 1% lowest scoring models are shown).
(E) Restraint sensitivity and specificity for the 10% and 1% lowest scoring models.
(F) The best model (top and side views) for intact NBDO and subcomplexes (CCS and volume restraints only) is shown and superimposed on the X-ray crystal
structure with corresponding centroid RMSD.
See also Figure S5 and Table S3.
Structure
Modeling Heteromeric Complexes from IM-MSIn order to include IM-MS data sets in hybrid approaches, we
must also consider other sources of uncertainty in the data
produced. Most important are the two underlying assumptions:
The first is that the solution conditions required to perturb
subunit interactions do not influence the overall subunit fold.
This has been demonstrated previously for homomeric protein
complexes (Pukala et al., 2009) and for solvent-disrupted
subunits (Leary et al., 2009). In this study, we have shown that,
in the great majority of cases, CCSs of heteromeric subcom-
plexes were shown to be unaffected by the solution conditions1606 Structure 20, 1596–1609, September 5, 2012 ª2012 Elsevier Ltrequired to perturb intersubunit interactions. This is provided
the solution conditions are optimized, by careful titration of the
chaotrope until subcomplexes can be detected, before unfold-
ing and complete denaturation occur.
The second assumption is that there have been no extensive
conformational changes occurring to the protein assembly
when passing from solution into the gas phase.While the precise
packing of the side chains and secondary structural elements of
the gas-phase structure are unlikely to correspond to the folded
structure in solution (Breuker and McLafferty, 2008), there isd All rights reserved
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Modeling Heteromeric Complexes from IM-MSa growing body of evidence to suggest that the overall native-like
topology can be preserved in the gas phase (Benesch and
Robinson, 2009; Ruotolo and Robinson, 2006, Hall et al., 2012,
Wyttenbach and Bowers, 2011). Deviations from the crystal
structure, however, have been noted in certain cases (Hogan
et al., 2011) and may depend on the experimental conditions
or on particular topological arrangements. In the data set pre-
sented here, the CCS for one cavity-containing complex was
significantly lower than expected. This suggests that future
research to attempt to stabilize such complexes in the gas phase
would be of high importance.
While the extent to which the native-like structures of protein
complexes aremaintained in the gas phase remains a controver-
sial topic, through the implementation of a scoring function, IM-
MS can play a useful role in structure characterization, particu-
larly when combinedwith data from additional sources. A deeper
understanding of the gas-phase structures of proteins and their
complexes will be key for this modeling approach and its integra-
tion in future hybrid structure determination strategies.
Conclusions
Here we have described a modeling approach for generating
models consistent with experimental data from IM-MS of intact
assemblies and their subcomplexes. Disruption of protein
complexes in solution did not affect the overall conformation of
subcomplexes for several heteromers, making CCS of subcom-
plexes suitable for use as a restraint. Combined with spatial
restraints, derived from crystal structures of protein complexes,
we have critically assessed the feasibility of using CCS for pre-
dicting native structures. We tested the strength of the individual
and combined restraints using a variety of statistical tools for a
simple model system. We then applied our methodology to
generate an ensemble of low-resolution models for heteromeric
protein complexes tryptophan synthase and NBDO using exper-
imental data. Candidate models were evaluated by applying a
scoring function, which uses restraints from IM experiments,
volume restraints, and symmetry, where applicable. Cluster
analysis revealed structural variability within the ensemble of
best scoring models, which was reduced when including the
symmetry restraint. The best models for the intact complexes
and their subcomplexes showed good structural similarity to
the native structure, with centroid RMSD = 1.9–8.9 A˚.
Overall, therefore, we have shown that IM-MScanplay a useful
role in structure characterization, particularly when integrated
with data from other sources. We plan to incorporate additional
sources of structural information into the scoring function in
the future to improve the predictive value of our method.
Such complementary techniques include hydrogen/deuterium
exchange reactions, crosslinking MS, and EM. By increasing
the information content of our scoring function, we will be able
to test our approach on a greater number of systems, including
larger and more heterogeneous assemblies.
EXPERIMENTAL PROCEDURES
Theoretical CCS Calculations
The CCSs were calculated using MOBCAL (Mesleh et al., 1996; Shvartsburg
and Jarrold, 1996), and a version adapted in house for coarse-grained models
(Ruotolo et al., 2008). Several methods are available to calculate CCS for
atomic structures (Bleiholder et al., 2011; Shvartsburg and Jarrold, 1996;Structure 20, 1596–16Mack, 1925). The projection approximation (PA) method (Mack, 1925),
however, is the only one appropriate for calculating CCSs of coarse-grained
models based on spheres. In the PA method, the orientationally averaged
CCS is determined by averaging the geometric cross-section over all possible
collision geometries (Mack, 1925). Although the PAmethod is known to under-
estimate the experimental CCS by neglecting multiple collisions between the
ion and buffer gas (Bleiholder et al., 2011; Shvartsburg and Jarrold, 1996), it
is highly correlated with experimental CCS for protein complexes (R2 > 0.99)
(Benesch and Ruotolo, 2011). We therefore made use of a scaled PA CCS
(Equation 4), whereby the experimental CCS can be predicted (±3%) by
multiplying the PA CCS by a factor of 1.14 (Benesch and Ruotolo, 2011). In
Equation 4, Mexp is the experimentally determined mass and Mpdb is the
mass calculated from the crystal structure. This scales the CCS for anymissing
atoms or residues, assuming spherical growth (Bush et al., 2010). In order to
perform all-atom CCS calculations for subcomplexes, we manually removed
subunits from the coordinate file of the X-ray structure for the intact complex.








Model structures to develop the volume and overlap restraints were chosen
to cover a wide range of topologies, mass, and number of subunits and
to include both homomeric and heteromeric structures. These were:
avidin (PDB ID 1VYO), alcohol dehydrogenase (PDB ID 2HCY), a-galactosi-
dase (PDB ID 31AP), concanavalin A (PDB ID 3D4K), glutamate dehydroge-
nase (PDB ID 1NR7), pyruvate kinase (PDB ID 1F3W), GroEL (PDB ID 1SS8),
SAP (PDB ID 2A3X), TTR (PDB ID 1F41), NBDO (PDB ID 2BMO), ToMOH
(PDB ID 2INC), MMOH (PDB ID 1MTY), tryptophan synthase (PDB ID 1WBJ),
and acetyl coA carboxylase carboxyltransferase (PDB ID 2F9Y).
Protein complexes were represented as spheres with radius r = (U/p)1/2 
rHe. PA CCS calculations include a contribution from the drift gas (helium) to
the impact parameters; this was corrected for in all volume calculations by
subtracting the radius of the buffer gas (approximated as 0.1 nm) from spher-
ical radii in the models. The centers of the spheres were determined using the
center of mass of the subunit.
When building models without using atomic information, for %3 subunits,
the coordinates of the spheres were generated manually using in-house
python scripts. These sampled many different relative orientations and con-
formations in a planar search. When more degrees of freedom were present
(>3 subunits), the sampling of model structures was obtained within the Inte-
grative Modeling Platform (IMP; http://salilab.org/imp/) (Russel et al., 2012)
by incorporating a Monte Carlo conjugate gradient approach. This makes
use of Monte Carlo steps followed by a conjugate gradient optimization to
search for candidate structures. All degrees of freedom are considered
rendering this approach unbiased toward any particular solution. The
coarse-grained models were visualized using the molecular graphics program
VMD (Humphrey et al., 1996).
Heteromeric Complexes
NBDO (supplied in 50 mM bis-Tris, pH 6.8, 5% glycerol, 1 mM dithiothreitol,
trace ammonium sulfate) was kindly provided by R. Friemann, University
of Uppsala, Uppsala, Sweden; MMOH and ToMOH were provided by
S. J. Lippard, Massachusetts Institute of Technology, Cambridge, MA, USA.
Tryptophan synthase (supplied in 50 mM Bicine, pH 7.8, 10 mM EDTA,
1 mM DTE, 0.02 mM pyridoxalphosphate) was provided by I. Schlichting,
Max Planck Institute, Heidelberg, Germany; acetyl coA carboxylase carboxyl-
transferase (supplied in 10 mM HEPES, pH 7.0, 500 mM KCl) was provided by
G.Waldrop, Louisiana State University, Baton Rouge, LA, USA; and carbamoyl
phosphate synthetase (supplied in 100 mM phosphate buffer pH 7.6, 10 mM
ornithine) was provided by F. Raushel, Texas A&M University, College Station,
TX, USA. The complexes were buffer-exchanged into 150–250 mM ammo-
nium acetate buffer, pH 7, using pre-equilibrated ultracentrifugation filter
devices (Amicon-Ultra 05, MWCO 10 kDa or Microbiospin-6). The buffer-
exchanged heteromeric complexes were observed by electrospray ioniza-
tion-MS under native conditions and where possible, subcomplexes were
observed in buffer-only conditions. The complexes were then disrupted in09, September 5, 2012 ª2012 Elsevier Ltd All rights reserved 1607
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Modeling Heteromeric Complexes from IM-MSsolution using changes in ionic strength or pH, or by adding organic solvents
to the sample. Subcomplexes were generated using 25% butanol (NBDO),
4 M ammonium acetate (ToMOH), 30% MeOH/10% dimethyl sulfoxide
(DMSO) (tryptophan synthase), 37% acetonitrile (MMOH), 30% MeOH/
0.01% acetic acid or 35% MeOH/1% ammonium hydroxide (acetyl coA
carboxylase carboxyltransferase), and 25% DMSO (carbamoyl phosphate
synthetase).
Instrumental Settings
IM-MS experiments were performed on a quadrupole ion mobility time-of-
flight mass spectrometer (Synapt HDMS, Waters Corp.), which had been
modified such that the traveling-wave ion mobility cell was replaced with an
18 cm drift cell with radial RF confinement (RF amplitude 200 V) and a linear
voltage gradient along the axis of ion transmission (Bush et al., 2010). In this
way, CCS values can be determined directly from the slopes of drift time
versus reciprocal drift voltage plots. In brief, 2 ml of complex-containing
solution (1–10 mM) was analyzed by nanoelectrospray using gold-coated
borosilicate capillaries prepared in house. The following instrumental param-
eters were used: ion transfer stage pressure 4–6 mbar; capillary voltage,
1.4–1.7 kV; sample cone voltage, 20 V; bias voltage, 20 V; IM entrance
DC 5 V, collision energy, 10 V; trap gas, 6 ml min1; microchannel plate
detector, 2,350 V. Helium (2.1 Torr) was used as the buffer gas, and the drift
voltage varied from 50 to 200 V. The temperature was monitored using a
calibrated thermocouple (Omega Engineering Ltd.) installed directly on the
outside of the IM chamber. All spectra were calibrated externally using
caesium iodide (100 mg/ml1). Replicates were carried out on different days
and using different solution conditions, where possible. Experimental CCS
values quoted are an average of all charge states and replicatemeasurements.
CCS error is given as the greater of the SD of measurements, or 3%.
SUPPLEMENTAL INFORMATION
Supplemental Information includes five figures, three tables, and Supple-
mental Experimental Procedures and can be found with this article online at
http://dx.doi.org/10.1016/j.str.2012.07.001.
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